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Abstract

Background Spatial transcriptomics has rapidly advanced the study of tissue architecture by integrating gene
expression profiles, spatial coordinates, and high-resolution histology images. However, accurately identifying spatial
domains with coherent transcriptomic and morphological patterns remains challenging.

Methods We developed stRGAT, a deep learning framework that integrates spatial information and gene expression
to learn low-dimensional latent embeddings for spatial domain identification. stRGAT adaptively models the similarity
among neighboring and cross-regional spots, enabling coherent spatial partitioning. Additionally, the framework can
be extended to detect spatially variable genes that reflect biologically meaningful spatial expression patterns.

Results We conducted extensive evaluations on cross-species datasets, continuous tissue sections, and fine-grained
mouse brainstem datasets. Quantitative comparisons against current mainstream methods demonstrate that stRGAT
more accurately identifies spatial domains, achieving higher clustering agreement metrics and clearer domain
boundaries. Furthermore, stRGAT's ability to capture spatially variable genes underscores its versatility in spatial
transcriptomic analysis.

Conclusions stRGAT provides a robust and generalizable approach for spatial domain delineation and associated
tasks in spatial transcriptomics, offering improved performance over existing methods and broad applicability for
studying tissue organization and function.
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Introduction

Many different types of cells are present among the spe-
cific tissues of multicellular creatures; each cell has spe-
cific functions, and the cycles and behaviors of the cells
are related to their surrounding environments. In partic-
ular, determining the location of cells and spatial infor-
mation about tissues can aid in effectively researching the
biological functions and diseases of tissues. Single-cell
RNA sequencing (scRNA-seq) has become one of the
core technologies in the field of genomics because of its
impressively high resolution, and it plays an important
role in the analysis of cell groups in immunology, bio-
medicine and other disciplines [1]. However, scRNA-seq
involves mixing tissue cells during the sequencing pro-
cess; this process leads to a lack of cell location informa-
tion, which is vital for understanding tissue functions.
To address this issue, the spatial differential transcript
(SRT) sequence was selected by the Nature journal as
the 2020 method of the year [2]. The development and
research concerning spatial transcription groups, such as
10x Visium [3], Slideseq [4] and other technologies, pro-
vides important guarantees for understanding the spatial
dimensions and tissue functions of cells.

Identifying the spatial domain (that is, the region where
the gene expression location and histological location are
the same) is one of the most basic and important research
topics in spatial transcriptomics [5]. However, identifying
accurate and biologically functional spatial domains is
still a great challenge. The methods for identifying spatial
domains can be divided into spatial clustering and non-
spatial clustering methods. Nonspatial clustering meth-
ods mainly use traditional clustering methods, such as
the k-means and Louvain algorithms [6]; however, these
methods consider only sparse gene expression data, and
it is difficult for the clustering results to correspond with
tissue sections. Spatial clustering methods yield strongly
interpretable analysis results by combining gene expres-
sion data, spatial location information and morpho-
logical images and fully considering spatial dimension
information.

For example, the main inspiration of BayesSpace [7]
came from image processing technology, in which a
Markov random field (MRF) was used to implement a
Bayesian model to encourage spots in the same cluster
to be close to one another. StLearn [8] extracts features
from tissue images, and it standardizes gene expres-
sion data through the distance between adjacent points
in space before performing clustering. The updated data
are subsequently utilized to identify groups that exem-
plify the transcriptional profiles of certain cell types
and phenotypes. The StLearn approach involves using
the pseudospace-time (PST) distance measure to calcu-
late transcriptional states and reconstruct spatial tran-
sition gradients. This is accomplished by considering
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the connections within and between cell types, as well
as clusters, through a directed minimum spanning tree
optimization technique. The SpaGCN [9] uses a graph
convolutional network (GCN) to process gene expres-
sion, spatial location, and morphology data. By generat-
ing an undirected weighted graph, the gene expression
information of adjacent points is aggregated, and an
unsupervised clustering algorithm is used for clustering,
thereby identifying spatial domains. SEDR [10] uses a
deep autoencoder to construct a latent gene representa-
tion in a low-dimensional latent space and subsequently
embeds the corresponding spatial information through
a variational graph autoencoder. RESEPT [11] maintains
3D embeddings based on graph neural networks [12] and
maps them to the RGB image color channel. Then, using
image segmentation, a supervised convolutional neural
network is used to segment the RGB image. The pur-
pose of recognizing the spatial domain is thus achieved.
Although these methods can consider the spatial char-
acteristics of spatial transcriptomics, node similarity
is calculated before training and cannot be adaptively
learned; moreover, these methods cannot fully explore
the spatial structural characteristics of spatial transcrip-
tomics data. The scalability of the algorithms is poor,
and different datasets lead to worse results. In addition,
most algorithms focus on identifying accurate spatial
domains, but research on the fine identification of spe-
cific tissues is lacking [13]. Many methods consider the
similarity between adjacent nodes. For a neural network
model, too much consideration of the similarity between
adjacent nodes may cause the model to ignore the rela-
tionships at different levels. More importantly, for deep
learningbased methods, extensions to multiple consecu-
tive sections yield greater algorithmic optimization and
biological value.

For these reasons, we developed stRGAT to accurately
identify spatial domains. The process involves incorpo-
rating spatial information and gene expression profiles
to acquire low-dimensional latent embeddings. stRGAT
integrates gene expression, spatial location, and histo-
logical image data to accurately identify spatial domains
in spatial transcriptomics adaptively via relational graph
neural networks. We conducted extensive testing on the
10x Visium dataset and compared it with the existing
algorithms. This dataset includes commonly used human
dorsolateral prefrontal cortex (DLPFC)data within the
field, cross-species data, and continuous slice data, prov-
ing its advantage in identifying downstream analysis
tasks in the spatial domain.

Methods

Data description

stRGAT is applied to 10x Visium-generated data. The
first dataset consists of 12 consecutive brain stem slice
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samples acquired from three adult human donors, specif-
ically, the six-layered human DLPFC [14]. The white mat-
ter (WM) and DLPEC layers were manually annotated
by the authors. Each point corresponds to an average of
3,462 unique molecular indices (UMIs) and an average of
1,734 genes.

The second dataset is from the Mouse Kidney Section
(Coronal) dataset, which has a tissue slice resolution of
10pm and contains 1,438 spots. The median number of
genes per spot is 6,516. We use the corresponding ana-
tomical Allen Mouse Brain Atlas [15] to more accurately
compare the results of the experiment.

When analyzing continuous slice tasks, we use Mouse
Brain Serial Section “Introduction” (Sagittal-Anterior)
and Mouse Brain Serial Section “Introduction” (Sagittal-
Posterior). Mouse Brain Section (Sagittal-Anterior) con-
tains 2,695 spots, and the median number of each spot is
6,228. Mouse Brain Section (Sagittal-Posterior) contains
3,355 spots, and the average number of each spot is 4,772.

Data processing

The input data for stRGAT consist of gene expression
data and histological images. Points outside the main tis-
sue regions must be removed. Then, common methods
are used for the logarithmic transformation and stan-
dardization of the gene expression data. We refer to the
processing strategy of the SpaGCN algorithm.

The spatial gene expression data are held in an N xD
matrix, where N represents the number of spots and D
represents the number of genes. The coordinates of each
spot in two-dimensional space (x,y) are also included.
Genes that are expressed in fewer than three spots are
excluded.

To normalize the gene expression values for each spot,
the UMI count for each gene is divided by the total UMI
count across all genes in that spot, multiplied by 10,000,
and then converted to the natural logarithm scale. We
use gene expression data and histological images as input
data. These data are read and converted into matrix for-
mats and subsequently regulated.

Converting SRT data into graph-structured data

After performing data preprocessing, the gene expres-
sion and histology image data must be transformed into
graph-structured data. The input data are first trans-
formed into an undirected band-weighted graph.

In the spatial transcriptome data, for two fixed points,
the physical locations and histological information of
the two nodes are equally important. First, the physical
position similarity of the tissue section is calculated. His-
tological images have regionspecific characteristics. To
improve the identification effect attained for the bound-
ary area, we use the Gaussian smoothing method to
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calculate the color value of the current node to avoid the
effect of a single outlier.
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In the formula, (xp,y,) is the coordinate of a pixel, and
o is the standard deviation. For an undirected graph
G (V,E), we can calculate the similarity between two
points. Since the distributions of organizational histo-
logical images, gene expression matrices, and positional
coordinates are different, we use the standardized Euclid-
ean distance measure to calculate the distance between
different nodes V.

af =" @)

Sq

u; is the average of all the data in this dimension, and
s; is the corresponding standard deviation. The specific
operation calculates the standardized Euclidean distance
between points in stRGAT. Each graph vertex represents
a point, and an edge with a specified weight is used to
connect each pair of points. stRGAT reduces the dimen-
sionality of the preprocessed gene expression matrix
according to principal component analysis (PCA). The
top 50 principal components are used as inputs, and this
strategy works well for all the datasets analyzed in this
paper. For two nodes « and v, the formula for calculating
the distance between them is as follows.

(3)

Relational graph construction
For each relation r € {spa,exp,his}, we define edge
weights based on relation-specific distances:

(r) d;j’
w;;’ =exp | — S . (4)

Distances follow

AP = |ls; — sjlla

&P = [x; = xj]Ja (5)

his
d"™ =1 cos (hy, hy).

Each relation is row-normalized as A = D=1 4,
with Df: ) = Z A%). A fused adjacency for clustering is
J
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)\spa = 1, /\exp = )\his =0.2 (default) .

(6)

Histology feature extraction

Co-registered H&E patches (40x) are Macenko-nor-
malized and encoded by a ResNet18 pretrained on Ima-
geNet. The 512-d raw embedding is linearly projected to
64-d for scale alignment:

h; = W,hl*" ¢ R%. (7)

The projected h; is used for histology relations and
can be concatenated with expression features during
reconstruction.

Relational graph attention autoencoder
The relational graph attention network takes normal-
ized gene expression data as its input, with the input

-

set defined as h = {i_il,hiJrl,...,ﬁN}, where i€

{1,2,3,4,..., N} and N represents the number of nodes.
.,ﬁﬁv}, with 7 €

— -
! /

The output nodes are h’ = { 1 Py,

{1,2,3,4,...,N}. We use Relational Graph Attention
(ARGAT) [16].

For each relation r, node i and its neighborhood are
combined with their intermediate representations to

form the logit EZ(TJ) . The attention coefficients ¢;; are

generated from the logit matrix using the softmax func-
tion. These attention coefficients are used to calculate a
weighted sum of the nodes in the neighborhood for each
relation. The process involves gathering these elements
together and then applying a nonlinearity mechanism to
generate the revised representation of node i.

For relation r, attention coefficients incorporate learned
logits and normalized adjacency:

exp (LeakyReLU (a;f [W,‘hl(l) HthEUD)

i @)

(r)
a;’ = ;
! D ke, (i) €XP (LeakyReLU (a}‘ [W,.hy) erhil) D) !

Multi-head, multi-relation aggregation is

W =0l o | D0 Y0 e ™MW ) (o)
T JEN,(i)

where ¢ is ELU/ReLU and || denotes concatenation. The
total loss remains L = AfeatLifeat + Aadjladj + AwiLia as
in the main text.
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To make the network sufficiently capable of convert-
ing the input features into more complex features, we
need to have at least one adaptable linear transformation.
First, we use a common linear transformation defined by
a weight matrix, represented as W € RY "*F \where F is
the number of features in each node.

Self-attention [17] is applied to each node individu-
ally, followed by the implementation of a shared attention
mechanism on the nodes. The attention coefficient calcu-
lation method is as follows:

€ = a (Wﬁz, Wil}) (10)

To ensure comparability, we normalize the similar-
ity weights using a softmax function via the following
approach:

exp (e45)

9ij = SOftnlan (6”) = m
kEN; e

(11)

To adaptively learn the similarity between adjacent
points, we adopt a self-attention mechanism that is
widely used in graph neural networks. The attention
mechanism g is a single-layer feedforward neural net-
work whose parameters are shared among the nodes
and weighted by a weight vector. The unfolded attention
mechanism is represented as follows:
wi)))
Gij =

- > ken, €XP (ReLU (EL’T {Wl_ij HW}_{k}))

exp (Re LU (JT [WEL

(12)

T represents transposition, and || is the concatenation
operation. The normalized attention coefficients are uti-
lized to calculate a linear combination of the correspond-
ing features. These combined features are subsequently
chosen as the final output features for each node.

JEN;
NL represents nonlinearity.

Clustering

Based on the output of the graph attention network,
stRGAT uses an unsupervised clustering algorithm [18]
for clustering, which identifies different points in the spa-
tial domain. The specific employed clustering method is
Louvain.
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Spatially variable genes (SVGs) identification

We detect spatially variable genes on Visium slides with
co-registered H&E images. Spots with fewer than 500
detected genes or mitochondrial fraction above 20% are
removed, followed by library-size normalization and
loglp transform. H&E tiles are Macenko-normalized;
a ResNetl8 encoder (ImageNet pretrain, 40x patches)
is linearly projected to 64 d to match expression feature
scale.

Highly variable genes are selected with variance sta-
bilisation; PCA keeps 50-100 PCs depending on data-
set size. Candidate genes must appear in at least 5% of
retained spots and exceed the 60th percentile of disper-
sion. We build a multimodal graph with three edge sets:
(i) spatial kNN on Euclidean spot coordinates, (ii) histol-
ogy affinity from cosine similarity of ResNet embeddings,
(iii) expression mutual kNN in PC space. For spatial sta-
tistics we collapse these relations into a symmetric weight
matrix W = [w;;] via row-normalised summation to sat-
isfy Moran’s I assumptions.

For gene g with centered expression vector x, Moran’s
Lis

n Zz’;ﬁj wij (z; — ) (25 — Z)

Iy 2

)

gW+

W+ = Zwij

i#]

(14)

which captures global spatial autocorrelation. We also
compute a Gini-based spatial variance
Zi;ﬁj wij |z — @ 1
’ = - r
ST o = Z (15)

G, =

highlighting local high-expression patches (GiniClust-
inspired). Both scores are retained to capture comple-
mentary spatial signals.

For each gene we permute spatial labels 1,000 times
(graph fixed) to form empirical nulls for I, and G,. Two-
sided p-values pr, pg are combined by Fisher’s method,

X%isher: -2 (IOg pr+ log pG) (16)
and adjusted by Benjamini—-Hochberg to control FDR
at 5%. Genes passing FDR are ranked by a composite
z-score sq = az (Iy) + (1 —a) z2(Gy) (o €[0,1], default
0.5), balancing global and local spatial structure.

Hyperparameter tuning of stRGAT

The hyperparameters used in stRGAT may vary in dif-
ferent experiments. Taking the DLPFC dataset as an
example, the hyperparameters include the use of the
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adaptive moment estimation optimizer [19] with an ini-
tial learning rate of 1 x 10~* and a weight decay set to
1 x 1073, The default number of iterations is 250. The
hardware setup consists of an NVIDIA GeForce RTX
3090 graphics card, an Intel(R) Core(TM) i9-12900KS
CPU, and 64 GB of memory.

Benchmarking

The ARI is used to evaluate and compare the effective-
ness of various clustering methods on datasets that
have spot-type labels. The key characteristics of the ARI
include the following:

ARI =

Result

Overview of stRGAT. stRGAT first processes the input
SRT data, as shown in Fig. 1. stRGAT uses the input data
to construct graph-structured data; that is, graph verti-
ces are constructed for spatial positional information and
organizational images, and attention weight relationships
are established between the points. Then, stRGAT uses a
relational graph attention network to adaptively learn the
gene expression information of adjacent points. Unlike
traditional graph convolutional neural networks, stRGAT
uses attention mechanisms, which can learn the similar-
ity between adjacent points. Finally, stRGAT uses unsu-
pervised clustering methods to cluster the expression
matrix output by the relational graph attention network
to achieve spatial domain recognition. To fully demon-
strate the advantages of stRGAT, we conducted extensive
comparative tests on multiple datasets and utilized the
current mainstream algorithms.

To quantitatively evaluate the spatial recognition capa-
bility of the sStRGAT, we first tested it on the 10x Visium
dataset containing 12 human DLPFC images. Utilizing
the adjusted Rand indices [1] as clustering accuracy met-
rics, we compared our method with five current main-
stream spatial methods (SpaGCN, stLearn, BayesSpace,
SEDR and STAGATE). Since most of the previously
developed algorithms have proven that spatial domain
recognition algorithms are generally superior to nonspa-
tial methods [20], we only compared our approach with
more mature spatial methods. With respect to a publicly
available dataset called the 10x Visium ST benchmarking
dataset [14], annotated the cortical layers (L1-L6) and
WM of 12 DLPFC slides using gene markers and cytoar-
chitecture, manually marking them as shown in Fig 2a.

With respect to the human DLPFC dataset, we first
compared the performance of the tested algorithm on
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Fig. 1 Workflow of the stRGAT algorithm. The workflow of stRGAT starts with an ST data examination, prioritizing gene expression data, histological im-
ages, and spatial location information as inputs. Next, the data are dimensionally reduced and normalized, and an undirected graph is constructed using
the standardized Euclidean distance to measure the similarity between nodes. The preprocessed data are subsequently fed into a relational graph atten-
tion network to extract the final latent embedding, and unsupervised clustering algorithms are used for spatial domain identification

the 151673 dataset. To ensure the fairness of the experi-
ment, we did not choose to use the default parameters
when running the other algorithm models because
default parameters could not ensure that the other algo-
rithms would achieve optimal experimental results. We
made appropriate adjustments to ensure that the com-
parative algorithms could reach or approach the optimal
results displayed in their papers. Figure 2c shows the
spatial domain recognition results produced by Bayes-
Space, SEDR, stLearn, SpaGCN, STAGATE and stRGAT
on dataset 151673. Compared to the other methods,
stRGAT could more effectively identify the expected cor-
tical layer structure. Among the five models, the spatial
domain identified by stRGAT clearly depicted the layer
boundaries and achieved the highest clustering accu-
racy (ARI=0.537). Its overall results were also closer to
the manual annotation results. In contrast, although the
recognition results of BayesSpace were relatively uni-
form, they were also affected by the utilized algorithm,
which led to unclear cortical layering and discontinu-
ity of the identified spatial domain, resulting in a larger
gap between the clustering results and manual annota-
tions. Relatively speaking, SEDR had a better layer clo-
sure effect, but this effect was not good for recognizing
individual cortical layers, and more outliers were pres-
ent. StLearn produced obvious cortical layer clustering
errors, and there were more outliers that differed greatly
from the actual cortical layering results. SpaGCN ben-
efited from the structure of the utilized graph convo-
lutional neural networks, and its experimental results
were ideal; however, regions with unreasonable layer-
ing remained. Moreover, SpaGCN even identified one
less spatial domain result. STAGATE also used a dia-
gram of an attention network to model the information

of adjacent nodes. Although it obtained a high ARI score
(0.57), it did not use histological image information, and
it also considered adjacent node information and ignored
a long-distance node. This information caused a layering
error.

To further validate the performance of stRGAT, we
conducted thorough tests on 12 datasets of human
DLPFC data, recorded the experimental results obtained
on each dataset, and calculated the average ARI values.
The experimental results are shown in Fig. 2b. The box
plot shows that stRGAT produced a higher AR], and its
ARI distribution was more uniform, which means that
the performance of stRGAT was more stable. The average
ARIs achieved by BayesSpace, SEDR, stLearn, SpaGCN,
STAGATE and stRGAT on the 12 datasets were 0.378,
0.410, 0.369, 0.390, 0.409, and 0.419, respectively. This
experiment proves that stRGAT is superior to the exist-
ing state-of-the-art methods. The average ARI of stRGAT
was 0.419, which was higher than that of the best-per-
forming SEDR approach (0.410).

To verify the ability of stRGAT to handle spatial domain
recognition task, we tested it using a mouse hippocampal
dataset. Before testing, we first labeled the hippocampal
structure as shown in Fig. 3. (the leftmost H&E stain-
ing image). To better represent the hierarchical layered
structure of the hippocampus, we used the Allen Brain
Reference Atlas images annotated by The Allen Institute
for Brain Science, as shown in the middle image of Fig.
3. The shape of the hippocampus, as well as its hierarchi-
cal layered structure, can be clearly observed. The right-
most image in Fig. 3 shows the spatial domain results
recognized by stRGAT. We can see clearly that stRGAT
accurately identified the main structures of the hippo-
campus, and the recognized tissue types were relatively
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Fig. 2 stRGAT achieves an enhanced ability to recognize layer formations that are present in human DLPFC tissue. a Ground-truth spots of cortical lay-
ers and WM in the DLPFC (section 151673). b The ARI boxplots produced for the 12 datasets contained in the DLPFC. The median and upper and lower
quartiles are shown by the centerline, box limits and whiskers in a boxplot. The whiskers represent 1.5 times the interquartile range. ¢ Based on the experi-
mental results obtained on dataset 151676, the compared algorithms are SpaGCN, stLearn, BayesSpace, STAGATE and SEDR
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Fig. 3 Spatial domains of the coronal regions of mouse brain tissue. H&E staining was performed on the raw data (left). The corresponding anatomical
Allen mouse Brain Atlas (middle, https://atlas.brain-map.Org/) was utilized. The spatial domains identified by stRgaT and Scanpy are also shown (right).
The red box denotes the cornu ammonis and dentate gyrus areas in the coronal portion
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continuous, with basically no abnormal points produced;
this is consistent with the tissue hierarchical structure
annotated by the Allen Brain Reference Atlases. Fur-
thermore, in terms of detail processing, stRGAT identi-
fied four tissue layers, namely, ‘Dentate gyrus, molecular
layer; ‘Field CA1, stratum lacunosum-meleculare; ‘Field
CAl, pyramidal layer’ and ‘Field CAl, stratum oriens,
demonstrating the excellent performance of stRGAT. We
compared stRGAT with the SCANPY [21] algorithm,
as shown in the figure. It is evident that stRGAT more
completely recognized the hippocampus than SCANPY,
and in terms of detailed processing, stRGAT identified
narrower tissue structures. The recognition effect of
SCANPY was unsatisfactory because the recognized tis-
sue of the hippocampus was not continuous and obvi-
ously differed from the tissue types annotated by the
Allen Brain Reference Atlases.

The above experimental analysis focused only on a sin-
gle tissue slice. We further explored the ability of stRGAT
to detect mutations in multiple consecutive tissue slices
using mouse anterior section and mouse posterior sec-
tion datasets. These two datasets were derived from a
mouse brain, with the anterior and posterior regions
adjacent to each other. Figure 4 shows that for consecu-
tive tissue slices in the same region, stRGAT could accu-
rately infer the clustering relationship between the two
tissues. In other words, in adjacent regions of two tis-
sues, stRGAT could accurately infer that the same tis-
sue belongs to the same category. The figure shows that
stRGAT identified continuous spatial domains across tis-
sues, which is highly important for further exploring the
spatial attributes of spatial transcriptomics. Moreover, as
the amount of data increased, the spatial domain iden-
tification effect was also enhanced. In the experiments
conducted on the 151,672 dataset, we first validated the
ability of stRGAT to identify spatial domains. Compared
with several representative methods, including SpaGCN,
STAGATE, SEDR, BayesSpace, PROST, and stLearn,
our model achieved the highest Adjusted Rand Index
(ARI) of 0.60, surpassing the previous best result of 0.59
reported by PROST [22]. This demonstrates the strong
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performance of stRGAT in spatial domain identification
(See Fig. 5).

To evaluate the individual and combined contribu-
tions of each modality (gene expression, spatial coordi-
nates, and histology), we performed ablation experiments
on the stRGAT framework. Specifically, we constructed
models using only gene expression features, gene expres-
sion combined with spatial information, and the full
set of modalities including histology features. For each
configuration, we assessed the quality of the result-
ing spatial domain clustering by comparing the inferred
clusters against known anatomical layers using cluster-
ing agreement metrics such as Adjusted Rand Index
(ARI) and Normalized Mutual Information (NMI). This
analysis enables a quantitative understanding of how
each modality contributes to domain discrimination
and how its integration improves the overall perfor-
mance. The specific results are shown in Fig. 6. (1) Joint
expression+spatial achieves the best agreement with
ground truth (ARI=0.525, NMI=0.690). (2) Expression-
only degrades performance (ARI=0.352, NMI=0.496),
showing spatial cues are necessary. (3) Spatial-only is
weakest (ARI=0.149, NMI =0.385), indicating expression
is the dominant signal, but spatial context substantially
boosts layer delineation when combined. Overall, the
gain from expression+spatial over either single modality
demonstrates complementary contributions.

To further evaluate the capability of stRGAT in detect-
ing spatially variable genes (SVGs), we identified 4560
SVGs using our model. A comparison with the top 50
SVGs selected by the PROST method revealed a high
degree of consistency in the computed PI scores. These
results confirm the effectiveness of stRGAT in accurately
identifying biologically relevant SVGs.

The boxplots in Fig. 7 compare the distribution of
Moran’s I statistics across three methods—stRGAT, Spa-
tialDE [23], and SpaGCN—on the DLPFC 151672 data-
set. Among these methods, stRGAT exhibits the highest
median and overall distribution of Moran’s I values, indi-
cating the strongest spatial autocorrelation captured by
the model. SpatialDE demonstrates a moderate level of
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Fig. 4 Joint spatial domain detection results obtained across multiple mouse brain tissue sections using stRGAT
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Fig. 5 stRGAT reaches sota level in spatial domain recognition task on 151672 dataset. a Groundtruth spots of cortical layers and WM in the DLPFC (sec-
tion 151672). b Based on the experimental results obtained on dataset 151672, stRGAT . ¢ Show the same spatial patterns in the DLPFC section 161672

and151675, demonstrating the transportability of SVGs

spatial structure, while SpaGCN vyields somewhat lower
Moran’s I values. These results suggest that stRGAT more
effectively captures intrinsic spatial patterns in the data,
whereas the alternative methods retain only moderate
spatial dependence.

Discussion

In the field of biological analysis based on spatial tran-
scriptomics data, accurately identifying spatial domains
is crucial for understanding tissue organization and func-
tional specialization of cell populations. In this study, we
proposed stRGAT, a relational graph attention—based
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framework that jointly leverages gene expression pro-
files, spatial coordinates and histology images to learn
low-dimensional embeddings for spatial domain detec-
tion. Across multiple 10x Visium datasets, including
human DLPFC sections and mouse brain coronal and
sagittal slices, sStRGAT consistently recovered anatomi-
cally meaningful layers and fine-grained tissue architec-
tures, such as hippocampal subfields, with higher ARI
and clearer domain boundaries than several mainstream
methods. Furthermore, by jointly modeling anterior

and posterior mouse brain sections, stRGAT demon-
strated its ability to handle continuous tissue sections,
and increasing the amount of spatial transcriptomics
data further improved the robustness and resolution of
inferred domains.

Spatial transcriptomics is rapidly evolving as a cor-
nerstone technology for biology and medicine, and
recent reviews have highlighted the growing role of deep
learning methods in coping with the complexity of spa-
tially resolved data [24] and the expanding landscape
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of analytical strategies for spatial transcriptomics data
analysis [25, 26]. In addition, comprehensive surveys of
spatial transcriptomic technologies have documented
breakthroughs in measurement technologies and their
integration with other omics and imaging modalities
[27, 28]. Embedding stRGAT within such integrative
frameworks may enable refined delineation of rare or
transitional cell states and improve the interpretation of
domain boundaries in terms of underlying cell-type com-
positions. Integration of spatial transcriptomic data and
single-cell transcriptomic data has been shown to gener-
ate high-resolution maps of cellular subpopulations and
contextualize tissue microenvironments [29-31], further
underscoring opportunities to combine spatial domain
detection with transcriptomic resolution enhancement.
In parallel, advancements in deep learning—based image
analysis and segmentation offer promising avenues to
enhance histology-guided domain delineation and multi-
modal representation learning [10, 11].

Despite its promising performance, stRGAT has several
limitations suggesting directions for future work. First,
our evaluation focuses on a limited set of 10x Visium
datasets, and we have not yet systematically assessed
the generalizability of stRGAT to other spatial transcrip-
tomics technologies or large-scale cohorts. Second, the
current graph construction strategy relies on predefined
spatial and expression-based neighborhoods; although
the relational attention mechanism can mitigate some
suboptimal edges, GAT-based models are generally more
sensitive to noisy inputs and spurious connections than
simpler graph neural network architectures. Third, our
assessment mainly relies on clustering metrics and quali-
tative inspection of domain boundaries, and does not
fully exploit recent advances in explainability and attri-
bution for graph neural networks [32]. A broader bench-
marking of stRGAT against additional spatial domain
detection and spatially variable gene identification meth-
ods, including interpretable multi-modal frameworks
[33] and convolutional network—based learning strategies
[34], would provide a more comprehensive understand-
ing of its relative strengths and weaknesses.

These limitations naturally suggest several directions
for future development. From a methodological perspec-
tive, we plan to enhance the robustness of stRGAT by
incorporating denoising strategies, adversarial training
or regularization terms that explicitly penalize unsta-
ble attention patterns on noisy or low-coverage spots.
In addition, developing modules that expose node- and
edge-level relational attributions, in the spirit of recent
interpretable multi-modal frameworks for spatial tran-
scriptomics [33], could help elucidate which genes,
relations and histological features drive specific spatial
partitions. Another promising direction is to explore
learnable or data-driven graph construction schemes that
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more comprehensively integrate spatial proximity, histo-
logical context and expression similarity.

In summary, stRGAT provides a flexible and powerful
relational graph attention framework for spatial domain
identification that can adaptively learn multi-relational
spatial representations from gene expression, spatial
coordinates and histology images. With the rapid accu-
mulation of high-resolution and multi-modal spatial
transcriptomics datasets, we expect that stRGAT and
related graph-based approaches will play an increas-
ingly important role in uncovering spatial cellular orga-
nization, guiding downstream analyses such as spatially
variable gene detection, trajectory inference and cell—cell
interaction analysis, and contributing to a deeper under-
standing of tissue architecture and disease mechanisms.
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